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Abstract: Elixhauser and APACHE risk-adjustment methods are widely used in studies of administrative
data but have not been directly compared in the same dataset. This was an 18-month cross-sectional,
observational, registry-based study of all adult patients admitted from the emergency department to an
inpatient critical care setting at one academic referral center and one community hospital. After extracting
demographics, comorbidities from the preceding year, and calculating APACHE-IV scores at admission, we
developed three competing logistic regression models to predict in-hospital mortality using APACHE-IV,
Elixhauser comorbidities, and a combined approach. We identified 8,480 critical care admissions during the
study period (84% at the academic hospital), with 12.6% overall mortality. Areas under the curve were 0.808
[95% confidence interval (CI): 0.777, 0.831] for APACHE-IV, 0.736 (95% CI: 0.715, 0.761) for Elixhauser,
and 0.826 (95% CI: 0.803, 0.852) for the combined model. APACHE-IV scoring, with or without the
addition of Elixhauser comorbidity measures, outperformed the Elixhauser method alone in predicting
in-hospital mortality among patients admitted to a critical care unit via the emergency department.
Observational studies in this population should consider employing APACHE-based risk adjustment for

short-term mortality prediction, in preference to comorbidity-based risk-adjustment alone.
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Introduction

Risk-adjustment is an important element of non-
randomized studies in which there are potential for
unbalanced comparisons. A number of mortality risk-
adjustment methodologies exist, and they can be classified
primarily as either comorbidity-based or illness severity-
based. In general, comorbidity-based and severity-based
techniques were originally developed to predict long-
term and short-term mortality, respectively (1-5), however,
investigators have employed them across these purposes.
While studies have compared several common methods
across the two categories (6-10), Elixhauser and APACHE,
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which are considered to be superior comorbidity and
severity-based techniques (11-13), have yet to be compared
directly or combined into a single model.

An indirect comparison by Johnston et al did
compare Elixhauser to the comorbidity-components
of the APACHE-III and showed that the complete set
of Elixhauser comorbidity measures outperformed the
APACHE-III comorbidity components in predicting
short-term mortality (14). That study also noted that
the original Elixhauser method could be improved with
the addition of illness-severity factors. Ho et a/. studied
APACHE-II and a modified APACHE-II score in which
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the APACHE-II comorbidity measures were replaced
with Elixhauser’s comorbidity scoring and concluded
that comorbidity adjustment contributed little to model
performance (15). These two publications appear to express
preference for combined comorbidity and severity-based
approaches to predict in-hospital mortality. Nonetheless,
most investigators utilize the Elixhauser and APACHE
methodologies alone. For example, among investigations
of mortality associated with emergency department (ED)
overcrowding, 4 studies employed Elixhauser’s method of
risk adjustment (16-19), and 4 used variations of APACHE
(20-23). Results of these studies are heterogeneous, and we
postulate that some of the observed variation may be due to
differences in risk adjustment. Thus, we sought to compare
directly the predictive value of Elixhauser’s technique
and APACHE alone, as well as a combined technique, in
predicting in-hospital mortality.

Methods

We performed an 18-month cross-sectional, observational,
registry-based study of consecutive adult patients admitted
via the emergency department to an inpatient critical care
setting (ICU) at two hospitals, an academic referral center
and a community hospital. We excluded patients admitted
to ICU hospice care or transferred to other hospitals. We
extracted demographic data and Elixhauser comorbidity
measures based upon International Classification of Diseases
diagnosis identifier codes (ICD-9) from the preceding
365 days from the electronic health record (EHR) (ED
PulseCheck, Optum Clinical Solutions Inc., Eden Prairie,
MN and Soarian, Cerner Corporation, North Kansas City,
MO, USA). We calculated APACHE-IV scores based upon
data at the time of admission using eCareManager (Phillips
Healthcare, Andover, MA, USA).

We determined in-hospital mortality based upon
the EHR hospital disposition, cross-validated against
institutional critical care registries, and we excluded
patients for whom we could not definitively verify mortality
outcomes using multiple sources. Longer-term mortality
endpoints were not definitively verifiable in our dataset,
so we elected to predict in-hospital mortality only. There
were no missing demographic data. We considered missing
comorbidities to be absent and missing APACHE severity
variables to be in the normal range. Some patients were
missing all non-demographic APACHE variables. Our
initial exploratory analyses suggested they represented
a distinct subgroup with much lower overall mortality
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(possibly less-critical patients roomed in a critical care unit
temporarily), so we considered missing APACHE data
to be an informative categorical variable in our primary
analysis and conducted a sensitivity analysis in which this
subpopulation was excluded.

We developed three competing logistic regression models
to predict in-hospital mortality, one using continuous
APACHE-1V scores for risk adjustment, one using 30 binary
Elixhauser comorbidities, and one combined approach.
Each model also included site, continuous patient age,
race, sex, and continuous ED boarding time as covariates
(17,20). We estimated that our registry size and historical
mortality rate would conservatively support logistic models
containing approximately 100 predictors (24). Thus, we did
not undertake variable reduction or stepwise techniques
and included all plausibly important variables available in
the registry, after verifying minimal multicollinearity. We
randomly split the dataset into training and testing subsets
with a ratio of 7:3 and derived all models from the same
training subset and compared model discrimination in
the same testing subset. We preferentially assessed model
overall performance (as opposed to univariate performance),
comparing receiver operating characteristic (ROC) curves
with areas under the curve (AUC/U-statistics) and also
report model misclassification rates.

Recent data suggest that persistent critical illness (as
indicated by long ICU length of stay) portends a greater
risk of death, and APACHE illness severity measures may
no longer be more predictive than antecedent patient
characteristics after 9 days (25). Thus, we performed
a secondary sensitivity analysis in which replicated the
above methods, this time stratifying by ICU length of stay
>9 versus <9 days.

This study was approved by the University of
Massachusetts Medical School Institutional Review Board.
Analyses were conducted using JMP 13.1 Pro (SAS Institute
Inc., Cary, NC, USA).

Results

We identified 8,480 total critical care admissions during the
study period, 84% at the academic hospital. We excluded
13 patients (0.15%) for whom the EHR and registry
data conflicted as to mortality. Among the 1,088 patients
(12.8%) with missing APACHE-IV scores, 98% were at
the university site, and 1.8% ultimately died, compared to
14.2% of patients with non-missing data. Table 1 reports
patient demographic data and APACHE-IV scores.
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Table 1 Characteristics of included patients by hospital
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Characteristics

All patients (n=8,467) University hospital (n=7,086) Community hospital (n=1,381)

Age [median (25", 75" percentile)] 65 (53, 78) 65 (53, 77) 67 (55, 80)
Sex [n (%) female] 3,553 (42.0) 2,861 (40.4) 692 (50.1)
Race/ethnicity [n (%)]
White, non-Hispanic 7,257 (85.7) 6,100 (86.1) 1,157 (83.8)
Ethnicity: Hispanic/Latino 583 (6.9) 465 (6.5) 118 (8.5)
African American/Black 354 (4.2) 289 (4.1) 65 (4.7)
Asian 165 (1.9) 143 (2.0) 22 (1.6)
Native American/Alaskan Native 9(0.1) 8(0.1) 1(0.1)
Other/unknown/refused 99 (1.2) 81(1.1) 18 (1.3)
Boarding time [median (25", 75" percentile)] (h) 29(1.7,5.3) 3.0(1.7,5.6) 2.7(1.6,4.5)
Mechanical ventilation [n (%)] 2,475 (29.2) 2,136 (30.1) 339 (24.5)
Hospital length of stay [median (25", 75" percentile)] (d) 5.7 (3.0, 10.1) 5.7 (3.0, 10.2) 5.8 (3.5,9.7)
APACHE-IV score [median (25", 75" percentile)] 58 (41, 77) 58 (41, 78) 57 (43, 74)
Missing [n (%)] 1,088 (12.9) 1,065 (15.0) 23(1.7)
In-hospital mortality [n (%)] 1,066 (12.6) 915 (12.9) 151 (10.9)
Table 2 Comparison of mortality models in testing subset
Variable APACHE-IV Elixhauser Combined model
Misclassification rate (%) 10.9 12.6 11.0
False-negative rate (%) 79.4 97.8 78.8
False-positive rate (%) 1.3 0.6 1.4
Root mean squared error 0.292 0.315 0.290

Area under curve (95% confidence interval)

0.808 (0.777, 0.831)

0.736 (0.715, 0.761) 0.826 (0.803, 0.852)

All three models in the primary comparison (APACHE-
1V, Elixhauser, and combined) included the same
8,467 patients and considered missing APACHE data to
be informative. The Elixhauser model underperformed
the others in predicting in-hospital mortality, and 7able 2
reports misclassification rates and AUCs for each model.
Most misclassifications were false-negatives (i.e., the model
predicted no mortality, but the patient actually died). The
Elixhauser model was particularly specific with a low false-
positive rate (Figure I).

In our sensitivity analysis in which we excluded patients
with missing APACHE data from all three models, there
were proportional increases in misclassification (12.6%,
14.1%, and 12.6%, respectively) and decreases in AUC
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(0.786, 0.732, 0.809, respectively), but there was no
meaningful change in overall model ranking.

We also performed a sensitivity analysis in which we
stratified by ICU length of stay, as a marker for persistent
critical illness. There was no change in overall model
ranking among patients with ICU length of stay <9 days,
and all models equally underperformed in patients with
persistent critical illness (7able 3).

Discussion

When comparing multiple risk-adjustment methods directly
in the same dataset, a combined model incorporating
Elixhauser comorbidities and APACHE-IV illness severity
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Figure 1 Comparison of receiver operating characteristic curves

for three models of in-hospital mortality. Area under the curve

0.736 for Elixhauser model, 0.808 for APACHE-IV model, and

0.826 for combined model.

Table 3 Comparison of mortality models by persistent critical

illness

Cohort APACHE-V  Elixhauser ~ OCoined
model

ICU LOS <9 days, 0.803 0.737 0.826

AUC (95% Cl) (0.761, 0.833) (0.706, 0.771) (0.794, 0.853)

ICU LOS =9 days, 0.668 0.612 0.633
AUC (95% Cl) (0.592, 0.752) (0.506, 0.746) (0.541, 0.727)

ICU, intensive care unit; LOS, length of stay; AUC, area under
the curve; 95% Cl, 95% confidence interval.

scoring and an APACHE-IV model alone outperformed an
Elixhauser comorbidity-based model in predicting short-
term mortality. As reported by prior authors, this finding
is most pronounced among patients with ICU length of
stay less than 9 days, as admission APACHE illness severity
variables lose predictive performance in patients with
persistent critical illness (25,26).

Optimal risk-adjustment requires a balance of sensitivity
and specificity. Elixhauser is generally considered to be a
superior comorbidity index, and despite being commonly
used to risk-adjust predictions of short-term mortality,
it is known to be more accurate for long-term mortality
prediction (11). In our study of short-term, in-hospital
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mortality, the Elixhauser model exhibited the lowest false-
positive rate. In applications where optimal specificity is
desired, an Elixhauser comorbidity-based approach may
appropriate in short-term prediction.

Elixhauser modelling was shown in one comparison to
be superior to APACHE in predicting critically-ill inpatient
short-term mortality (14); however, intuitively, Elixhauser
may not address acute patient characteristics such as initial
vital signs and laboratory values, which do influence the
APACHE score. In our population of ED patients admitted
to a critical care setting, it appears that APACHE-IV illness
severity factors added sensitivity and reduced the false-
negative rate, although both methods exhibited non-trivial
misclassification. The addition of Elixhauser comorbidities
to APACHE illness severity measures has previously been
shown to add little to predictive performance (15), and this
investigation appears to demonstrate a similar finding, given
the overlapping 95% ClIs around AUC for the combined
and APACHE-IV models. Sensitivity was improved in the
combined model but at the expense of specificity, and the
overall misclassification rate was identical to the APACHE-
IV model.

Our approach has a number of important limitations to
consider. The study population was confined to ED patients
admitted to a critical care setting. APACHE-based risk
adjustment for non-critical patients has not been robustly
studied. Many variables required to calculate the APACHE-
IV score may be unavailable for less severely-ill patients.
In fact, 12.8% of our critical care cohort was missing
APACHE data, and it appears that this may represent a
distinct subpopulation with lower overall mortality and
no mechanical ventilation use. The difficulty in obtaining
all required elements to calculate an APACHE score for
non-critical patients remains an important limitation of a
severity-based or combined approach to risk-adjustment.
In fact, we previously have chosen to employ comorbidity-
based risk-adjustment techniques in prior work when
including both critically-ill and less severely-ill patients (19).
Nevertheless, our model comparison in the present study
was insensitive to the exclusion of patients with missing
data, which likely reflects our choice to consider missing
APACHE-IV scores to be an informative categorical
variable in our primary models. Whether this may be a
viable analytical strategy in all datasets remains unclear.

In addition, although our model controlled for study
site, there were only two study sites and patients admitted
to the academic hospital comprised the vast majority of our
patient population, thus limiting generalizability. Finally,
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our methodology did not assess the sensitivity of a research
question to the choice of risk adjustment methods; we chose
instead to compare each approach in predicting mortality
as the outcome of interest. We felt this methodology
was a rational first step for comparing the two risk-
adjustment techniques, given that no prior investigations
have compared these approaches in any methodology.
Nonetheless, we feel our findings are informative and point
to the prudence of future studies addressing differences in
these risk adjustment methods in the context of a larger
question.

In conclusion, APACHE-IV scoring, with or without the
addition of Elixhauser comorbidity measures, outperformed
the Elixhauser method alone in predicting in-hospital
mortality among patients admitted to a critical care unit
via the ED. Observational studies in this population should
consider employing APACHE-based risk adjustment
for short-term mortality prediction, in preference to
comorbidity-based risk-adjustment alone.
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